Abstract-Biometrics based personal authentication is an effective method for recognizing a person's identity. Recently, it is found that the finger-knuckle-print (FKP), which refers to the inherent skin patterns of the outer surface around the phalangeal joint of one's finger, can serve as a distinctive biometric identifier. In this paper, a novel feature extraction and coding method, namely MonogenicCode, is presented based on the monogenic signal theory, and is applied to FKP recognition. For each image pixel, the associated MonogenicCode is a 3-bits vector obtained by binarizing the monogenic signal at this position, and it can reflect the local phase and orientation information at that position. Experiments conducted on our established FKP database indicate that this new method achieves competitive verification accuracy with state-of-the-art methods, while it needs the least time for feature extraction, making it the best choice for real-time applications.
INTRODUCTION
The need for reliable user authentication techniques has significantly increased in the wake of heightened concerns about security, and rapid advancements in networking, communication and mobility [1] . Biometrics based methods are of great interest because people cannot lose their physical characteristics in the way that they can forget or lose passwords or identity cards. Over the years, researchers have exhaustively investigated the use of a number of biometric identifiers [1] .
Recently, it is found that the finger-knuckle-print (FKP), which refers to the inherent skin patterns of the outer surface around the phalangeal joint of one's finger, is highly unique and can serve as a distinctive biometric identifier. In [2] , Woodard and Flynn set up a 3D finger back surface database with the Minolta 900/910 sensor. For feature extraction, they utilized the curvature based shape index to represent the finger back surface. Woodard's work makes a good effort to validate the uniqueness of outer finger surface as a biometric identifier. However, the cost, size and weight of the Minolta 900/910 sensor limit the use of it in a practical biometric system, and the time consuming 3D data acquisition and processing limit its use in real-time applications.
In our previous work [3] [4] [5] , a novel FKP-based personal authentication system has been established. Fig. 1-a shows the outlook of the FKP image acquisition device and Fig. 1-b shows a typical FKP image. The proposed FKP imaging system has a small size and it simplifies the preprocessing steps, such as the finger segmentation and ROI (region of interest) extraction. Since the finger knuckle will be slightly bent when being imaged, the inherent skin patterns can be clearly captured and hence the unique FKP features can be better exploited. The detailed information about FKP image acquisition and the ROI extraction can be referred in [3] . Figs. 1-c and 1-d illustrate the ROI extraction presented in [3] . With respect to the feature extraction methods, we have proposed to use the Gabor filter based competitive coding scheme in [3, 4] and the band-limited phase-only correlation technique in [5] . In this paper, a novel and fast feature extraction and coding method is proposed by using the monogenic signal analysis, and we name it MonogenicCode and apply it to FKP recognition. The monogenic signal [6] is an isotropic 2-D extension of the 1-D analytic signal. For an image pixel, the monogenic signal at this point can be considered as a "3-D vector" under a spherical coordinate system. The 3-bits MonogenicCode is obtained by binarizing the coordinates of this "3-D vector". According to the characteristics of the monogenic signal, the MonogenicCode actually implicitly reflects the range of the local orientation and the range of the local phase of the examined pixel. Extensive experiments and comparisons are conducted on our FKP database to validate the effectiveness and efficiency of the proposed MonogenicCode.
The rest of this paper is organized as follows. Section 2 introduces the monogenic signal. Section 3 describes the MonogenicCode and the associated matching scheme. Section 4 reports the experimental results. Conclusions are presented in Section 5.
II. THE MONOGENIC SIGNAL
The analytic signal, which is based on the Hilbert transform, is an effective tool for 1-D real signal analysis. Given a real 1-D signal g(x), the corresponding analytic signal is defined as ( )
(1) where * means the convolution and h(x)=1/πx is the Hilbert transform kernel in the spatial domain. This representation gives access to the local amplitude and phase of a 1-D signal.
When the 1-D signal is embedded into the 2-D space, the analytic signal cannot be directly used. Several attempts to generalize the analytic signal to 2-D have been reported in the literature and the monogenic signal [6] is among the most distinguished ones. It is built upon the Riesz transform which is a vector valued extension of the Hilbert transform in the n-D Euclidean space. If we restrict to the case n = 2, the spatial representation of the Riesz kernel is ( )
and its transfer function in the Fourier domain is ( )
Then, for a 2-D signal f(x), the monogenic signal is defined as the combination of f and its Riesz transform
(4) As the Riesz transform with respect to the Hilbert transform, the monogenic signal is a multi-dimensional isotropic generalization of the 1D analytic signal.
In practical applications, signals are of finite length and we need to perform a band-pass filtering to the signal before applying the Riesz transform to it. Denote by b(x) the spatial representation of the used band-pass filter. Accordingly, the monogenic signal for f(x) can be redefined as
* , * * , * * , ,
(6) Using the spherical coordinate system, as shown in Fig. 2 , we can easily obtain the following equations 1 2 cos , sin cos , sin sin
where φ∈ [0, 2π] and θ∈ [0, π] . For an i1D (intrinsically 1 dimensional) signal, it can be proved that φ is identical to its local phase and θ is its orientation [6] . In this paper, we take the log-Gabor filter as the band-pass filter, whose transfer function in the frequency domain is (8) where ω 0 is the filter's center frequency and σ r can control the filter's bandwidth. An example of the 2-D log-Gabor filter in the frequency domain with ω 0 = 1/6 and σ r = 0.3 is shown in Fig. 2-b . Therefore, the three convolution kernels used to calculate the monogenic signal are of the form B, H 1 B, and H 2 B in the frequency domain. In our experiments, we set the parameters as: σ r = 0.9 and ω 0 = 0.055. Figure 2 . (a) Geometric illustration of the monogenic signal in a spherical coordinate system; (b) an example of the log-Gabor filter in the frequency domain.
III. MONOGENICCODE FOR FKP RECOGNITION
It can be observed that the distinctive features in FKP images are mainly line-like structures. Therefore, we can assume that the local intrinsic dimensionality of the FKP image is zero or one, and consequently the monogenic signal, which is specially designed for the i1D signals embedded in the 2-D ambient Euclidean space, can be used to analyze the FKP images. The local orientation, the local phase and the local amplitude of the i1D signal can be conveniently represented via the monogenic signal.
After calculating the monogenic signal maps from two images, we may regard them as features and match these raw feature maps directly. However, such a scheme is not advisable for several reasons. First, the data type of the raw monogenic signal is float so it needs much storage space to store them directly. Second, it is time consuming to match two raw monogenic signal maps. Third, the noise in the raw monogenic signal will degrade the matching accuracy. Hence, we adopt the coding based method, which has been successfully used in iris and palmprint recognition systems.
Using the spherical coordinate system as illustrated in Fig.  2 -a, the monogenic signal at each image pixel can be considered as a 3-D vector and the octant it resides in can roughly reflect its local orientation and phase. For example, if the monogenic signal is (10, 8, 6) , the local orientation of the examined pixel should be within (0, π/2) and its local phase should be within (0, π/2). It is well-known that the local orientation and the local phase are two important local features for biometric image recognition. Thus we propose to code the octant information of the monogenic signals and use them for matching.
Coding the octant information of the monogenic signal can be simply accomplished by binarizing its three components, and we refer to the coding result as the MonogenicCode. Denote by P the corresponding MonogenicCode map of f Mb . Then, every point in P is a 3-bits code, generated by the following coding process, 
For example, if the pixel's monogenic signal is (10, -10, 5), the code should be (1, 0, 1). The computation of the monogenic signal and the coding process is illustrated by an example in Fig. 3 . Given two MonogenicCode maps P and Q for two FKP images, we can use the normalized Hamming distance to measure their dissimilarity as where S is area of the MonogenicCode map and ⊗ is the "exclusive OR" operation. Obviously, D is between 0 and 1. In practice, taking into account the possible translations in the extracted ROI sub-image with respect to the one extracted in the enrolment, multiple matchings are performed by translating one of the code maps. In such case, S is the area of the overlapping parts of the two code maps. The minimum of the resulting matching distances is considered to be the final distance. 
IV. EXPERIMENTS AND DISCUSSIONS
In order to validate the effectiveness and the efficiency of the proposed MonogenicCode scheme, we conducted experiments and comparisons on the established FKP database, which is available at [7] . FKP images were collected from 165 volunteers in two separate sessions. In each session, the subject was asked to provide 6 images for each of the left index finger, the left middle finger, the right index and the right middle finger. In total, the database contains 7,920 images from 660 different fingers. In our experiments, we took images collected at the first session as the gallery set and images collected at the second session as the probe set. To obtain statistical results, each image in the probe set was matched with all the images in the gallery set. If the two images were from the same finger, the matching between them was counted as a genuine matching; otherwise it was counted as an imposter matching. The equal error rate (EER) (the point where the false accept rate (FAR) is equal to the false reject rate (FRR)) and the decidability index d' [8] (the index measures how well the genuine and imposter distributions are separated) were used to evaluate the verification accuracy. We compared the proposed MonogenicCode with three other state-of-the-art coding-based methods, the CompCode [3] , the RLOC [9] and the BOCV [10] . In implementation, convolutions were accomplished via the FFT transform. For all the four methods evaluated, the extracted feature maps are of the same size, 160×80. All the experiments were implemented with Visual C#.Net 2005 on a Dell Inspiron 530s PC embedded Intel 6550 process and 2GB RAM.
The verification results by different methods are summarized in Table I . In addition to the verification accuracy, the four evaluated schemes have different characteristics in several aspects. Firstly, they have different computation complexity at the feature extraction stage. Since the major operations involved at this stage are the convolutions, the number of convolutions can roughly reflect the overall feature extraction complexity. The MonogenicCode needs 3 convolutions; CompCode, RLOC and BOCV all need 6 convolutions. It can be seen that the MonogenicCode works the fastest at the feature extraction stage. In fact, for CompCode and RLOC, an extra operation is needed to figure out the minimum of the filters' responses at each position. Secondly, the sizes of features extracted are different. In MonongenicCode, CompCode, and RLOC, 3 bits are used to represent a pixel; in BOCV, however, 6 bits are needed to represent a pixel. Accordingly, BOCV will need 2 times storage space than the other three schemes. Thirdly, they have different matching speeds. Since all of the four schemes use the same matching scheme-the normalized Hamming distance, the matching time of a pair of code maps will be totally decided by the feature size. Therefore, if we denote T m as the matching time of a pair of code maps generated from MonogenicCode, CompCode, or RLOC, it will need approximately 2T m to compare a pair of BOVC code maps. The runtime characteristics of the four schemes are summarized in Table II for comparison.
From Table I and Table II we can see that the CompCode and the MonogenicCode can achieve nearly the same verification accuracy on our FKP database, and they perform much better than the other two methods evaluated. However, the MonogenicCode needs much less time than the CompCode at the feature extraction stage, which makes it a better choice in real-time applications. Overall, the MonogenicCode is the fastest FKP recognition method which can also achieve the highest verification accuracy.
V. CONCLUSIONS
In this paper, a novel FKP feature extraction method, namely MonogenicCode, is presented based on the monogenic signal theory. The MonogenicCode represent each pixel as a 3-bits code, obtained by extracting the signs of the three components of the monogenic signal. The MonogenicCode can implicitly reflect the local orientation and phase information of the pixel examined. Experimental results indicate that it can achieve similar verification accuracy in terms of both EER and the decidability index than the other state-of-the-art FKP recognition methods; however, it needs much less time for the feature extraction. This makes the proposed MonogenicCode very competitive in real-time biometric authentication systems.
